Abstract-An efficient load recovery of a bulk system with wind power penetration requires careful consideration of uncertainties related to it, as well as online data gathered from measurement devices. From the perspective of uncertainties, a novel utility-based decision-making method is proposed in this paper. The method combines both risk and return of the load restoration strategy to assist decision making in uncertain states, and it also provides a utility function to present the preference of the load restoration strategy. Furthermore, a utility-oriented optimization model is created to select the strategy with the largest utility value with a certain confidence level. To achieve efficient utilization of online data, as well as to ensure high computation efficiency, the utilityoriented optimization is transformed into a scenario-based linear programming model. The proposed method fills the gap between online data and the optimal load restoration strategy in an uncertain condition. Besides, the optimal strategy is provided with adjustable robustness according to security requirements and data exactness. Therefore, it is particularly applicable for online load restoration with wind power penetration. The effectiveness of the proposed method is validated using the IEEE-30 bus test system and an actual power system from the North-East of Shandong province, China.
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T
O ENSURE sustainable production of clean energy, the level of penetration of renewable energy sources, e.g., wind power, has been significantly increased over last few decades in the whole world [1] . However, the large-scale integration of intermittent wind power has an evident impact to power system restoration. In the event of European 4th November 2006 disturbance [2] , the uncontrolled wind power integration was resulted in the overloading of internal lines and exceeding of power transfer capacity margins. This problem led to an increased risk of a blackout. Besides, the unexpected shutdown of wind turbines, due to the extreme weather condition, is one of the causes for South Australia blackout in 2016 [3] . Obviously, the uncertainty of wind power has negative effects on power system restoration. Nevertheless, an unacceptable power imbalance could happen if the wind power is rejected in restoration process since it is indispensable in the future power systems. Additionally, through a reasonable planning, wind power can be regarded as a valuable resource with less start-up time constraint. It means that wind power can significantly contribute to the existing power system restoration procedure. In reality, restoration plans proposed in [4] and [5] provide some basic rules for the wind power application during restoration process, whereas the related rule is very rough. To satisfy both the security and efficiency of power system restoration procedures, more extensive studies should be undertaken.
Power system restoration is a highly complex multi-stage decision and control problem [6] . Typically, it is categorized in three stages according to different system statuses and restoration goals: a) black-start, b) system restoration, and c) load restoration [7] . In recent years, the wind power penetration has changed the conventional power system restoration procedure [8] - [12] . In [8] , wind power units are utilized in the last restoration stage, however, the uncertain nature of wind power has been totally ignored. In order to find the optimal strategy of system restoration stage under intermittency of wind power, in [9] the application of a stochastic programming method is presented. The control system of wind turbine in black-start stage is investigated in [10] . Concentrating on the application of large-scale wind farms, this paper is devoted to help the decision-making process in load restoration problem. Load restoration is the last restoration stage in order to recover load demand which is the final goal of power system restoration [7] . On the one hand, a relatively stable status in this stage can satisfy the voltage and frequency restriction in power system with wind farm integration. On the other hand, the objective of load restoration is to minimize the unserved load amount based on the available generation of units [7] . The proper arrangement of wind power application can lead to a full and rapid load restoration by providing extra power supply.
There are three major issues for determining load restoration strategy [13] - [16] : i) location of load to restore, i.e., where, ii) restorable size of load, i.e., how much, and iii) operation time, i.e., when. Several load serving strategies, as a part of on-line restoration decision support tool, are presented in [6] . In [13] and [17] , fast calculation technologies of load pickup amount are proposed according to the voltage and frequency limitations. A wide-area monitoring system (WAMS) based on-line load restoration is presented in [14] and [15] . The state-of-the-art of bulk system load restoration is the on-line restoration based on the availability of measurement devices [18] . However, a common problem of the above studies is their sensitivity to the system power uncertainty considering intermittent wind power. Thus, the deterministic load restoration strategy may provide infeasible solutions with wind power penetration. Accordingly, the determination of bulk system load restoration strategy needs uncertain management to handle the input random variables of the problem. Robust optimization, chance-constrained programming and scenario-based stochastic programming are widely implemented in uncertain optimization area [19] . Nevertheless, the requirements of uncertain boundary and probabilistic distribution function prevent the former two methods to be applied on the bulk system load restoration. Scenario-based stochastic programming has been employed in the offline restoration [9] . However, it is not available for the on-line restoration since the computation efficiency is low when the number of scenarios is large. Thus, a more effective method is required in order to take the advantage of the availability of the on-line data and provide the optimal load restoration strategy in the uncertain environment.
In this paper, a novel utility-oriented load restoration scheme is established to deal with the above noticed issues. Firstly, in order to complete the restoration procedure, a step-by-step process is designed where the main concern is to solve the single-step 'where, how much and when' problem considering uncertain on-line data. Secondly, a utility-based decision-making method is proposed to obtain the preferable and optimal strategy under uncertain circumstance. According to value-at-risk (VaR) and conditional value-at-risk (CVaR) [20] , [21] , the power deficiency threshold (PDT) and conditional power deficiency (CPD) are defined to describe the uncertain power deficiency. Thirdly, a utility-oriented optimization is formulated to determine the optimal strategy with security constraints. Furthermore, by applying the optimization advantage of CPD [22] , [23] and the linear programming of AC power flow (LPAC) method [24] , the utility-oriented optimization converts into a scenario-based linear programming (LP).
The main contributions of this paper are as follows: 1) Taking into account the integration of large-scale wind farms, the proposed method fills the gap between the on-line data of uncertain condition and the optimal load restoration strategy. 2) By providing robust strategy with adjustable robustness level, the proposed utility-oriented optimization can offer extra flexibility to the system operator to make decisions in power system restoration with wind power integration. 3) Another contribution of this study is the proposed algorithm does not require any probability distribution function or uncertain set of the input random variables. Accordingly, the optimal restoration strategy can be obtained from the on-line data directly. This paper is organized as follows: Section II gives an overview of the process of problem solving. Section III introduces uncertain load restoration through utility based method. The utility-oriented optimization in LP form is constructed in Section IV. Section V demonstrates the simulation results of the proposed method. Section VI gives a brief conclusion.
II. OVERVIEW OF LOAD RESTORATION CONSIDERING WIND POWER PENETRATION
This section presents the framework to achieve load restoration considering wind power penetration. The step-by-step process, the optimization model construction and the practical strategy application are introduced.
A. Background and the Process of Strategy Generation
In this paper, wind power is integrated into the last stage of restoration when power system is sufficiently strong with relatively stable frequency and voltage. Since the network skeleton has been rebuilt before load restoration stage, a load block can be energized if it is picked up [7] , [8] and [15] . In other hand, generating units have been restarted according to the models presented in [6] . Infrastructures for the on-line restoration are required as clarified in [14] , [15] . Therefore, the on-line data of load amount and wind farm power output is available, and the states of frequency and voltage are monitored in the whole process. Each load block which needs to be restored in the transmission system (TS) represents a distribution system (DS) [25] . In this study, the load restoration amount is the robust total restoration corresponding to each load block.
The load restoration strategy is determined according to a step-by-step decision-making process. To find the optimal strategy of each step, the core concern of the step-by-step process is to build a recursive model [13] , [15] - [17] . Fig. 1 presents a multi-step process to complete the load restoration problem. In each step, the on-line data is sent to the recursive module in order to provide the strategy for the current step. If the current strategy is successfully implemented, the current step moves forward to the next step. The parameters and variables of the optimization model are refreshed according to the current system restoration condition. The main key is to deploy the recursive module in each step to fulfill the procedure.
As it can be seen from Fig. 2 , the three main parts of the recursive module are data preparation, model construction and strategy generation. On-line data should be prepared before decision-making in each step. The data includes two parts: i) the active and reactive power data of wind farm output and load amount for the calculation of the proposed method, ii) the real-time data of voltage and frequency for system monitoring. The optimal strategy is achieved using the on-line data. In this regards, a 100% confidence level means that the optimal result is achieved according to the possible worst scenario. The confidence level is set to a lower value as decision-making based on the worst scenario with a minimal probability is too conservative. The load restoration strategy contains the scheme of wind power deployment and load pickup. It shows the location and restorable size of load blocks, the deployment amount of wind farms and the load pickup time at the current step.
The logical process of constructing the utility-oriented optimization is illustrated in Fig. 3 . It demonstrates how the main techniques deal with load restoration problem considering uncertainty, and how the initial problem transforms into the LP model. The 'utility-based decision-making' part and 'high efficiency computation' part are respectively detailed introduced in Sections IV and V.
B. Real-Life Load Restoration Strategy Application
The system operators prefer to make the decisions focusing on the worse-case conditions as the power system is generally vulnerable in restoration process [14] . Accordingly, in a conservative way, the wind farms are modeled as the fluctuating active power suppliers with the zero reactive power injection. Furthermore, in order to remain sufficient reserve in power system and to avoid some serious events such as wind power ramps under extreme weather [26] , the absolute power constraint is suggested for the active power control of wind farms. Therefore, the output power of wind farm is a stochastic variable limited by the predetermined upper value.
In practice, while the wind farms are tripped off in the blackout event [2] , [3], they need some time to be started up, integrated and ramped up to the expected output powers. The process takes several minutes, thus, an operation method is proposed in Fig. 4 to apply the optimal restoration strategy. As shown in Fig. 4 , in each load restoration step, wind farms should be firstly integrated, and the loads are suggested being picked up when the monitored output of wind farms reach to their expected values. Once the load pickup is accomplished, the step will be terminated. The length of each step correlated to the generation availability of the units. The on-line data not only provides input data for the optimization framework, but also helps achieve the application of strategy by checking the system frequency and voltage. In this way, the wind farms can be successfully integrated, and their power output amount can be monitored to ensure they reach to the expected values. Note that although the wind power integration and load pickup have separate operations as can be seen from Fig. 4 , the strategy comes from a unified optimization illustrated in Fig. 2 . The essence of the strategy application is to do all the optimization simultaneously and apply the strategies separately.
III. LOAD RESTORATION PROBLEM BASED ON UTILITY METHOD
This section defines several mathematical variables to formulate the utility function of load restoration strategy. The main purpose of this section is to construct the utility-based decisionmaking framework for the uncertain load restoration.
A. Description of Uncertainty and Risk in Load Restoration Procedure
Since supply demand balance is of vital importance in the load restoration procedure, the stochastic active power is generally regarded as the core stone of the load restoration uncertainty. Thus, uncertain active power is emphasized and described by PDT and CPD which present the physical meanings of the mathematical expression of VaR and CVaR, respectively.
Let us consider that f (X m , Y ) is the value of system uncertain power deficiency in step m. It can be determined by the decision vector X m and the stochastic power vector Y .
X L is the vector of load pickup decision variables while X W presents the decision vector of wind farms. These values indicate the recovery rate of each load block and the implementation rate For each X m , f(X m , Y ) is the system random power variable with a specific probability distribution related to Y . The probability density function of
Note that the proposed method doesn't need to deploy the distribution and density functions, and they are just defined here for the sake of explanation. Based on the above definitions, the probability of the system uncertain power deficiency f (X m , Y ) not exceeded from the threshold α is provided in step m as shown in (2) .
is the cumulative distribution function associated with X m . Assuming Ψ(X m , α) is continuous with respect to α, PDT and CPD values with any confidence level and load restoration strategy X m are yielded as follows:
PDT extracts the left endpoint of the corresponding nonempty interval of α subject to Ψ(X m , α) = β, and it is the threshold of the uncertain power deficiency with confidence level β in Fig. 5 . CPD is the conditional expectation of uncertain power deficiency exceeding PDT, or the expectation of uncertain power deficiency beyond β. CPD is employed to construct a coherent risk measure f ris [27] . For the same strategy, the value of (5) is influenced by the confidence level β.
denotes the expected load amount and wind farm output expectations. Since most security violations are due to power unbalance, the uncertain active power deviation f ris of a load restoration strategy can be considered as a risk index. Considering the goal of load restoration, the return f ret can be defined as a load recovery expectation of the same strategy as follows:
where w L is the weight set. The critical load receives the high weight factor in w L . The risk and return of strategies present the quality of the load restoration strategy, while the security and efficiency refer to the effect of strategy application. The load restoration strategy with high risk value may lead to large power unbalance, and it is easy to cause security violation. The strategy with high return value associates with the larger amount of load recovery, by this, the efficiency of load restoration is improved. The restoration process can be secure and efficient if the restoration strategy has low risk value and high return value.
B. Construction of Utility Function
The utility function of load restoration strategy is defined in this paper to describe the preference of decision-maker [28] . A greater utility value is assigned to the more preferred strategy. In the load restoration procedure, the decision maker should be risk averse since power uncertainty will violate system security. In the other hand, the higher return is preferred for the faster recovery of load. Taking return and risk into account, the utility function is described as follows:
with c as the risk-averse coefficient tuned by system status (frequency, voltage deviation and load recovery state).
The philosophy of utility function is to make a tradeoff between load recovery efficiency and security. The return-risk form has the same efficient frontier with the form that pursues the minimum risk with lower limit of return or maximum return with the upper limit of risk [27] . There must be an indifferent curve (IDC) set of utility with different constant l according to (9) .
The optimal load restoration strategy holds the largest value of utility within the feasible region, and it is located in the place where the indifference curve is tangent to the efficient return-risk frontier [28] .
C. Special Constraint for the Application of Utility Function
A formula transformation of CPD is carried out since the mathematical expression (4) is intractable. According to (4), CPD can be represented as follows:
The following equations can be yielded [21] :
The extracted result of α in (12) is PDT. That is why PDT can be a by-product of CPD optimization computation.
To deal with the integral part and the intractable analytical expression of ρ(Y ), the following approximation is deployed.
] is the collection of stochastic power sampling in step m. Based on (4)- (7), the utility function can be written as follows:
Assuming the number of Y k subjected to f m (X m , Y ) − α > 0 is g and they are indicated by Y * , the partial derivative of U with respect to x L,m ,i can be calculated as follows:
The value of (15) depends on the sampling condition of Y and the effect of random variable x i on the joint uncertain power threshold PDT. It is noteworthy that the increase of x i does not always improve the utility value since the value of variable computed by (15) may be zero, negative or positive. In other words, the decision maker may not choose to pick up load according to utility based method. This phenomenon is unrealistic in actual load restoration procedure. Thus, a load pickup amount constraint (16) is indispensable to guarantee the proceeding of load restoration.
where P G,i,m denotes the generation of unit i in step m, N G is the number of unit, and b is a constant in range of (0,1). This formula means load pickup amount in each step should meet at least a certain percentage of generation increment.
IV. UTILITY-ORIENTED OPTIMIZATION IN LINEAR FORM
In order to obtain the optimal strategy, a scenario-based LP model in terms of the utility-oriented optimization is introduced. After which, the application of on-line data is presented.
A. Construction of the Utility-Oriented Optimization
The optimal load restoration strategy can be determined by optimizing utility function within load restoration constraints. Formula (17)-(30) make up the initial form of utility-oriented optimization model in step m.
1) Objective function:
The utility-oriented load restoration approach maximizes the utility value (7). By replacing the CPD part of (5) by (13) , the objective function (17) shown at the bottom of this page, becomes.
2) Power supply constraints: The single-step model of generating unit is presented in (18) as a part of the multi-step generator model proposed in [6] . It means unit i ramps up with rate r i between the upper and lower limits. Formula (19) ensures that power supply satisfies the threshold of uncertain power deficiency (PDT). Constraint (20) makes operating time (load pickup time) t m within reasonable time interval. T min,m is taken into account to guarantee the availability of wind farm output and the suitability of system status for load pickup. T max is the upper bound of the time interval considered for the load restoration step.
3) Power balance constraints: At each step, the active and reactive power balance constraints corresponded to the AC power flow calculation should be satisfied using (21)- (26) .
4) Security constraints: Voltage, branch flow and frequency limitations are posed in (27) , (28) and (29), respectively. In practice, the reactive power compensation is usually applied in the substations to avoid transmitting reactive power through the transmission lines. Therefore, active power limit can be taken as the branch power flow limit as the reactive power is quite small [14] . If needed, a conservative constraint with the reactive power limitation (q 2 max = s 2 max − p 2 max ) can be added to the problem formulation to maintain the linear form. Constraint (29) is a linear frequency limit considering the total capacity of restored generators S and their frequency response constant ε [31] . Especially, (29) and (30) are reserve constraints required in restoration process [4] . Formula (29) is considered to provide the dynamic reserve which consists of governor response of generators, and (30) ensures spinning reserve which survives the largest loss of energy contingency [16] .
B. Linearization of Utility-Oriented Optimization
There are two parts in the optimization process which make the initial model computation intractable: the objective function (17) and the power flow constraints (21)- (26) . Thus, they have to be transformed into linear form. Set auxiliary variable u k (k = 1, . . . ,M), and
+ . Formula (17) can be transformed into the linear form provided in (31)-(33).
So far, the only nonlinear part is the power flow constraints. A LPAC method for load restoration is employed to achieve linear approximation of AC power flow [24] . The main aspects of LPAC are the polyhedral relaxation of cosine function and the linearization using Taylor series expansion. Besides, approximating sinθ by θ in transmission system with small phase angle different should be conducted. Taking advantage of the above techniques, the power flow related constraints (23)- (26) can be
replaced by (34)-(38).
The exactness of LPAC was verified in [24] and [31] , and these references demonstrate the computation error is acceptable for restoration process.
The final scenario-based LP model of the utility-oriented optimization is shown in (39). The decision variables of load restoration strategy are load pickup and wind power application scheme X m and the operation time t m . In addition to the decision variables, the result of the model proposed in (39) includes the by-product variable α m corresponding to the value of PDT with confidence level β. (8), (32)- (33) Untility related constraint (16) Restoration proceeding constraint (18)- (19) Power supply constraint (20) Operation time constraint 
C. Scenario Generation and Special Model
The utility-oriented optimization is a scenario-based LP approach. A scenario is a system restoration realization comprising recovery amount of each load block and output amount of each wind farm at a time point. The initial data can be provided using the on-line measurement devices and the final data is obtained through the application of forecasting methods or special model [17] .
1) Scenario Generation: Based on the on-line data in recent steps, a set of load amount and wind power output in the current step can be obtained using nonparametric or parametric forecasting methods. Final data for step m consists of data matrix P m . 
where M is the number of scenarios. P k m, i is the active power of node i at time k in step m. (P k m) T = Y k is a scenario which presents the load recovery and wind farm output condition of the entire system at time k. Then, the auxiliary variable u k in the optimization model (39) can be written as follows:
Define P W,sig ,m in (42) as the sign of wind power available since wind farms output cannot reach to their expected values immediately. The lower limit of the operation time T min is (43).
2) Cold Load Pickup Model: Cold load pickup will lead to a significant increase of load amount. It will bring about serious power deficiency and even result in security problems if not fully prepared. Therefore, the cold load pickup phenomenon needs to be carefully dealt with in the load restoration procedure [13] , [16] , [17] . Cold load pickup, which is influenced by temperature, outage duration and etc., is a complex process that is hard to be predicted. Particularly, a piecewise linear model (44) is employed to present the ramping behavior of cold load pickup [17] . The expression of reactive power is identical to the active power.
In (44), P 0 presents the normal load amount before the blackout occur, t 0 is the time point of cold load picking up, [t 0 , t 0 + Δt 1 + Δt 2 ] is the time interval of cold load behavior. All the parameters used in (44) can be identified from measurement data that are gathered during large-scale rotating interruptions [17] . Considering the gradual decreasing characteristic of the cold load pickup amount in (44), the largest amount at the start point of each load restoration step is applied in (39). Assuming some part of cold load block i has been picked up at the first step and the third step, the current amount in step m (m > 3) would be formulated by (45). 
A. Case Information
The first test system is IEEE-30 bus test system. To validate the proposed method, two types of data are provided: pseudorandom data and on-line data. Pseudorandom data is extracted from the pseudorandom variables which are the Weibull PDF with shape parameter 2 and Gaussian distribution for wind speed and load amount, respectively. The on-line data used in the real world system is provided by the operation center of Shandong province and measured in every second in 2013. The on-line data has more accurate description of the system condition than pseudorandom one. In 10,000 set of pseudorandom data, the average standard deviations from expected values of wind farm output, load amount and system power deficiency are 14.87%, 5.32% and 12.56%, respectively. The corresponding standard deviations of on-line data are 7.79%, 2.13% and 7.12%, respectively.
B. Computation Efficiency of the Utility-Oriented Model
The derived model is solved by CPLEX V12.5.0.0 using an Intel(R) Core(TM) i5-2400 CPU and 4 GB RAM. For different scenario size, the corresponding calculation time and standard deviation of PDT and CPD are listed in Table I . They are the average results of 100 times simulation runs with pseudorandom variables. The results deviation obtains from the production of pseudorandom data and linearization of the optimization model. As can be observed, with computation time in seconds and standard deviation σ within 1%, the efficiency and exactness of the utility-oriented optimization (UO) is quite acceptable and superior for the on-line load restoration.
For the sake of comparison, the scenario-based stochastic programming (SP) technique [9] is deployed with the sample size of 500, 1000 and 10,000. The computation time and corresponded standard deviation σ of the SP method are presented in Table I . Despite a reasonable standard deviation σ% (less than 1%) of the power deficiency (PD), the SP method results in heavier computational burden with respect to the UO ones under the identical scenario size. It is due to the fact that the UO method traces the threshold condition of scenarios to make decisions accordingly. In consequence, the number of constraints is increased with scenario number growth. Thus, no matter how many scenarios are deployed, the proposed method performs the LP calculation one time, whereas the number of mathematical programming of the SP method depends on the scenario size.
C. Load Restoration Strategy and the Influence of Wind Power Application
To demonstrate the influence of wind power application, Con1 with wind power and Con2 without wind power are set up with β = 0.85. Table II presents the multi-step load strategies with or without wind power application. The first column shows the step number, while the number outside and inside of the bracket in the second and forth columns are the node number and recovery amount, respectively. Here ' * ' denotes node with wind farm. The time in the third and fifth columns are the operation time of the load pickup in each step. The load restoration strategy comprises the number illustrated in the outside and inside of the bracket and the operation time in each step. With the proposed method, different strategies can be determined according to the system condition and restoration proceeding. Even though the total steps of different conditions are identical, Con1 takes shorter execution time in the whole restoration procedure with respect to Con2. Besides, the condition with wind power application allows system operator for more load recovery in the early steps. It means more loads can be restored earlier. In summary, the proposed method takes advantage of the active power support from wind power through the proper arrangement of wind power application.
The load restoration conditions with different levels of wind power penetration are shown in Table III . Excepting the initial 31.03% wind power penetration in Con3, the available output power of wind farms are further increased to 48.28% and 72.41% in Con4 and Con5, respectively. The six restoration steps of Con3 are reduced to five steps of Con4 and Con5 through improving the wind power participation level. The total load restoration process provided in Con3 is faster than Con4, which is not the case for Con4 and Con5. Even though the larger load demand of Con4 is recovered earlier than that of Con5, the restoration time is not improved. That is because the utilitybased method pursues the best compromised solution between the risk and return under uncertain status, and the power system reserves constraints (29) , (30) also provide additional limitations in wind power application. Accordingly, the available wind power growth can benefit the restoration process, however, the improvement may not be obvious since the corresponding load restoration strategy may not employ total available wind power.
D. Influence of the Security Requirement
The utility-oriented optimization guarantees the robustness of the strategy according to a certain confidence level β which indicates the security requirement. To compare the return-risk spectrums and the effects of the optimal strategies with different security requirement, different conditions are designed as β = 0.75 (Con1), β = 0.85 (Con2) and β = 0.95 (Con3). In order to avoid the influence of the risk avoiding index c, it is set to 0.5. Fig. 6 portrays the relationship between IDC with the largest utility value and the efficient frontier of the utility function in different conditions. The subfigures (a), (b), (c) and (d) are corresponded to the four load restoration steps. Different step means discrepant restoration state before decision-making. IDCs with the largest utility value are highlighted with yellow color in Fig. 6 . Since these IDCs are corresponded to the utility values of the optimal strategies, they should theoretically tangent to the efficient frontiers. This phenomenon is presented with different confidence level in each subfigure of Fig. 6 . Therefore, despite the discrepancy in security requirement and system state, the proposed method can achieve the best risk-return balanced strategy. Note that it is not strictly meet the mathematical definition of tangent due to the error of pseudorandom data.
As shown in Fig. 6 , all points with different colors form the efficient frontiers are associated with different β. They demonstrate the return-risk spectrums with different security require- ment. For each step, the efficient frontier with higher β is in lower right. It means the higher security requirement is with the higher risk (the risk is emphasized) while the return value is the same. This phenomenon can be explained by the definitions of PDT and CPD. For the same uncertain condition, PDT becomes larger while β is higher in (3). Since CPD is the conditional expectation exceeding PDT, the value of CPD as well as the risk in (5) becomes larger. Thus, for identical return, the higher risk appears along with higher value of β.
A higher β along with a higher PDT mean that the strategies should satisfy a wider range of uncertainty level, so that the strategy with stronger robustness will be selected. 'Stronger robustness' describes a more conservative strategy with less load pickup and wind power application. Fig. 7 shows the load restoration process with different value of β. As can be seen, Con1 with the lowest β restores the highest amount of load 'Con1 load' and deploys the largest wind power value 'Con1 wind' in the early stages. On the contrary, the load recovery is more decentralized in Con3 'Con3 load' compare to others. Furthermore, the restoration time also shows the difference in conservatism. The higher β leads to the restoration time increment, thus, the completion time of Con1, Con2 and Con3 are 38.38 min, 40.15 min and 41.27 min, respectively. Generally, the larger β brings about more conservative decision. That is why the proposed method can flexibly adjust the robustness according to the security requirement.
E. Application of the Utility-Oriented Model in Real World Grid
Two groups of data are applied with β = 0.85. The pseudorandom data with standard deviation of system power deficiency 12.56% is less exact than the on-line one with standard deficiency 7.12%. Figure 8 demonstrates power supply and restoration conditions in four load restoration steps (a), (b), (c) and (d). The uncertain on-line data of load amount, wind power output and power deficiency are respectively presented by 'L-data', 'W-data' and 'P-data'. To deal with the uncertainty, the power supply decision according to the on-line data 'real-P-sup' and pseudorandom data 'pesu-P-sup' are both beyond the expected power deficiency 'exp-P-def'. Moreover, 'pesu-P-sup' provides greater power than 'real-P-sup' under identical security requirement. That is because less exactness of data leads to the wider range of uncertainty, consequently, PDT value is higher as it is corresponded to the uncertain power deficiency threshold. In other words, the power supply requirement based on less accuracy data tends to be more robust. Additionally, since the increase of risk index CPD follows PDT, decision-making with pseudorandom data pays more attention to the risk in restoration procedure. Therefore, as shown by the histograms in Fig. 8 , with the same or larger wind power application amount, the load pickup amount 'pesu-L' with pseudorandom data tends to be lower than the one 'real-L' with on-line data. Figure 9 demonstrates the process of strategy application through the system frequency and voltage condition. Obviously, if the load restoration strategy is made according to the expected values of load pickup amount and wind power output, a second outage is easy to occur because of frequency violation 'exp-fre'. Robustness adjustment of two different data could be presented by the whole process. Strategies under pseudorandom data sacrifice restoration time to obtain a better performance of frequency and voltage. In the other hand, through earlier load pickup ' * ' and timely application of wind power ' ', the online data improves the efficiency of load restoration and reduces the conservation of decision-making. Since the load amount is uncertain, voltage violation exists in Fig. 9 . This condition can be monitored by on-line data and remind dispatchers to apply greater reactive power compensation. Note that confidence level 85% does not mean the security constraints are satisfied with 85% probability. It refers to the decision-making process considering the worst power deficiency condition under 85% confidence level.
VI. CONCLUSION
In this paper, a novel method for load restoration considering wind power penetration is presented. A utility-based decisionmaking technique is introduced to support the selection of load restoration strategy in an uncertain environment. In order to obtain the optimal strategy, a utility-oriented optimization with tractable computation is formulated. By applying the proposed model, the optimal strategy is obtained directly from the online measured data. Besides, the utility-oriented method performs the best tradeoff between the load restoration security and efficiency and ensures sufficient power supply with a certain confidence level. The case studies demonstrate the superior computation efficiency of the utility-oriented optimization. The optimal strategy provides properly arranged wind power application and load pickup, thereby, to speed up load restoration. In addition, the flexible adjustment of robustness is achieved by changing the confidence level or the exactness of the measured data.
This paper deals with Wind-for-Restoration problem in the last stage of restoration in the scope of uncertain optimization. The proposed framework can be extended in the future work by addressing the early stages of restoration, detailed control characteristic of renewable energies and the coordination of TS-DS restoration with binary variables.
